Abstract There is growing interest in the application of propensity scores (PS) in epidemiologic studies, especially within the field of reproductive epidemiology. This retrospective cohort study assesses the impact of a short interpregnancy interval (IPI) on preterm birth and compares the results of the conventional logistic regression analysis with analyses utilizing a PS. The study included 96,378 singleton infants from Louisiana birth certificate data (1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007). Five regression models designed for methods comparison are presented. Ten percent (10.17 %) of all births were preterm; 26.83 % of births were from a short IPI. The PS-adjusted model produced a more conservative estimate of the exposure variable compared to the conventional logistic regression method (b-coefficient: 0.21 vs. 0.43), as well as a smaller standard error (0.024 vs. 0.028), odds ratio and 95 % confidence intervals [1.15 (1.09, 1.20) vs. 1.23 (1.17, 1.30)]. The inclusion of more covariate and interaction terms in the PS did not change the estimates of the exposure variable. This analysis indicates that PSadjusted regression may be appropriate for validation of conventional methods in a large dataset with a fairly common outcome. PS's may be beneficial in producing more precise estimates, especially for models with many confounders and effect modifiers and where conventional adjustment with logistic regression is unsatisfactory. Short intervals between pregnancies are associated with preterm birth in this population, according to either technique. Birth spacing is an issue that women have some control over.
Introduction
The main causes of neonatal death worldwide are infections, preterm birth, and asphyxia. In Louisiana, the prevalence of preterm birth is above the national percentage with 15.4 % compared to 12.3 % of all births, respectively [1] . Interpregnancy interval-the time between the birth of one child and the conception of the next-appears to be one factor associated with preterm birth. Interpregnancy intervals less than 18 months and greater than 59 months are significantly associated with an increased risk of adverse perinatal outcomes [2] .
The biological mechanism between short interpregnancy interval and poor maternal and neonatal outcomes is hypothesized to be due to insufficient time for the mother to recover from the nutritional burden and stress of the previous pregnancy [3, 4] . Specifically, depleted maternal protein, low energy status, and deficiencies in folate [4, 5] and iron [6] have been considered.
It is important to determine whether short interpregnancy interval is a true independent risk factor for adverse pregnancy outcomes in Louisiana because it is an issue that women have some control over. Additionally, it is feasible that educational interventions during prenatal visits and following delivery could be applied. The difficulty in assessing the independence of the risk from interpregnancy interval is the numerous potential confounders such as behavioral risk factors, stress, and socioeconomic disadvantage that must be considered in the analysis. The use of propensity scores in the analysis may remedy this situation. This topic serves as an example for the application of propensity scores in multivariable logistic regression in a large, vital records dataset.
Regression with propensity scores may be suitable for the field of reproductive epidemiology and specifically this topic, due to the myriad confounders that are usually included during modeling. A very complicated propensity score model with many covariates, interactions, and higher order terms can be fit. The goal is to obtain the best estimated probability of exposure assignment. Over-parameterizing the model is not as much of a concern like it is with a traditional regression analysis. The propensity score for an individual is the probability of being treated (exposed) conditional on the individual's covariate values and it can be used to balance the covariates in the two exposure groups making them more comparable [7] .
Regression analysis using propensity scores has been used to check or validate the results from more traditional methods [8] [9] [10] . This can lead to stronger conclusions and assertions of causal effect. Additionally, propensity scores are valuable in situations where conventional multivariable methods may not be appropriate due to few events and many confounders. Additional covariates may produce instability in the model, which can lead to decreased precision and misleading results [11] . Another drawback to conventional multivariable regression analysis is that adjusting for covariates that are unevenly distributed between exposure groups may not balance the groups, resulting in residual confounding and poor validity [12] . Propensity scores work best in large data sets because there is a greater chance of achieving a balance of covariates between the exposure groups [13] . However, propensity scores have yet to be assessed when the outcome is common [14] .
The objectives of this analysis are: (1) to assess the relationship between short interpregnancy interval and preterm birth in Louisiana and (2) to compare the results of the conventional analysis with those results from an analysis that utilizes propensity scores as a covariate in regression adjustment in order to determine the advantages and disadvantages of the propensity score approach. To achieve these goals, traditional logistic regression is performed as well as two propensity score models: one with only the covariates used in the traditional logistic regression and the second with additional potential confounders and effect modifiers. The specific aims are to determine if propensity scores would be beneficial in producing more precise estimates for the association between interpregnancy interval and preterm birth and also to assess the method's ability to validate the results of the traditional multivariable regression analysis in a large vital records study population.
Materials and Methods

Dataset
We conducted a retrospective cohort study using data from the State of Louisiana birth certificate registry which included 861,676 live infants born from 1995 to 2007. Only women who had a singleton birth and had a single previous pregnancy that ended in a live birth or fetal death (at least 20 weeks gestation or birthweight of at least 350 g) were included in the study. After the exclusion, the final study population included 96,378 singleton infants for assessing the association between interpregnancy interval and preterm birth. Permission to use this dataset was granted by the State of Louisiana Vital Records. The research was conducted in accord with ethical principles and approved by the Tulane Institutional Review Board.
Definitions
Pre-term birth was defined as a gestational age less than 37 completed weeks. The interpregnancy interval between the two pregnancies was estimated as the difference between the date of delivery of the first pregnancy and the date of conception of the second pregnancy. The date of conception was estimated by subtracting the gestational age in weeks from the date of the birth. The use of propensity scores necessitated a binary exposure variable. Therefore, the observations were limited to an interpregnancy interval of 24 months or less because previous literature [2, 15] found that a long interval is also associated with preterm birth/low birth weight. Exposure was defined as less than 9 months (\36 weeks) between pregnancies and unexposed pregnancies included those with an interval of nine to 24 months (36-96 weeks). A cut point of 9 months was chosen because it is the median of the interval found to be significant in a prior study [2] . Data entry errors in the database resulted in interval values that were negative, zero, and very short (i.e. within days and weeks of the first birth). Since it was impossible to determine what values were accurate, the short interpregnancy interval (exposure) was limited to a minimum of 4 weeks based on a study of natural interpregnancy intervals [16] .
Maternal age was defined as completed years at time of delivery. Marital status was dichotomized as legally married and unmarried. Mother's education was categorized into none or elementary (0-8 years), secondary (9-12 years), and university or more (C13 years). Mother's race was categorized as white, black, and other. The number of prenatal visits was dichotomized as less than or equal to three and greater than three visits, instead of the more traditional seven prenatal visit's cutoff. Since the outcome is prematurity, the cutoff of three visits was deemed more appropriate to accommodate a shorter gestation. The month that the mother began prenatal care (PNC) was categorized into no PNC, early PNC (1-3 months), delayed PNC (4-6 months), and late PNC (7-9 months). The number of terminations the mother reported was dichotomized as none and one or more. Maternal medical risk factors include conditions such as anemia, cardiac and lung conditions, diabetes, herpes, hydramnios, hemoglobinopathy, eclampsia, and uterine bleeding. They were combined into a composite dichotomous variable of maternal health: absent or present. Tobacco and alcohol use were both categorized as user and non-user.
Low-birth weight was dichotomized as less than 2,500 g or 2,500 or more grams at birth. Previous fetal death and previous c-section variables were defined as the previous birth ended in fetal death and the previous birth was delivered via cesarean section, respectively.
Analysis
Descriptive Analysis
Univariate and bivariate analysis were performed on all possible predictors and confounding variables. Relationships between the covariates and interpregnancy interval (\9 months from birth to next pregnancy vs. C9 months from birth to next pregnancy) and preterm birth (\37 weeks gestation vs. C37 weeks gestation) were assessed using v 2 and t test, as indicated.
Conventional Logistic Regression Approach
Unadjusted logistic regression was used to produce the association between interpregnancy interval and preterm birth (Model 1). In this analysis, we define conventional multivariable logistic regression as multivariable logistic regression without the use of a propensity score. Stepwise variable selection was utilized to find variables that were associated with the outcome (P \ 0.0001). These statistics and a priori knowledge of reproductive epidemiology were used to produce the final Model 2. The model included 11 variables. A third logistic regression model (Model 5) included 13 variables and their 78 first-order interaction terms-similar to Model 4. The model was over-parameterized to show the advantages of propensity score regression in extreme situations.
Propensity Score Approach
The propensity scores were calculated by finding the probability of a short interpregnancy interval. Multivariable logistic regression modeled the dichotomous outcome of short interpregnancy interval (\9 months) versus longer interpregnancy interval (9-23 months). All confounding variables that were included in the conventional logistic regression were included in the first propensity score model (Model 3). Using the results of the bivariate analysis, care was taken to exclude variables that were related to the exposure but not to the outcome in order to avoid a decrease in precision [17] . A second model (Model 4) was generated that included any confounding or interaction terms that contributed to the model. Model 4 included the exposure variable and propensity score which consisted of 13 variables and 78 first-order interaction terms. At no time during the propensity score calculations was the outcome variable, preterm birth, included. The distribution of propensity scores were plotted and assessed for adequate overlap, which signifies comparability between the exposure levels.
The propensity scores were included as an additional covariate with the treatment variable (interpregnancy interval) in the two multivariable logistic regression models. The first model (Model 3) includes the same covariates in the propensity score as are in the conventional logistic regression and is a means of checking or validating the results of the conventional methods. Model 4 seeks to determine if the additional covariates and interaction terms allow for a more stable and precise estimate of the treatment effect. All analyses were completed with the SAS 9.2 program package (SAS Institute Inc. Cary, North Carolina).
Results
Among the study population of 96,378 singleton infants, ten percent (10.17 %) of all the births were preterm; 26.83 % of births were considered a short interpregnancy interval. The majority of mothers were white (59.46 %), married (56.81 %), and had at least some secondary school education (9th-12th grade; 57.41 %). Mothers of preterm infants and infants from a short interpregnancy interval tended to be younger (22.6 vs. 24.2 and 22.6 vs. 24.6, respectively; P \ 0.0001). Each covariate's relationship with a short interpregnancy interval and preterm birth can be found in Table 1 .
The results of the simple regression (univariate) analysis reported in Table 1 show the P values unadjusted for propensity score. This provided convincing evidence that the covariate distributions were different between the exposure groups for the majority of variables. After adjusting for propensity scores (PS Adjusted P value, PS Adjusted OR) in a selection of confounders, there was considerably less difference in the covariate patterns between exposure groups (Table 2) . Certain covariates such as previous fetal death and maternal age (and even maternal race to an extent) remained significant (at the traditional P \ 0.05 significance level) even after adjustment by propensity score. The very large sample size highlights even extremely small and insignificant differences. A look at the propensity score adjusted odds ratios confirms how unremarkable this difference is between the exposure groups. Table 3 displays the analysis results from the five logistic regression models (3 conventional, 2 propensity score adjusted). Model 2 and Model 3 are both an improvement in fit over the unadjusted logistic regression model (Model 1), as the likelihood ratio (LR) P values are highly significant. The propensity score adjusted Model 3 produced a more conservative estimate of the exposure variable (interpregnancy interval), as well as a smaller standard error and slightly narrower confidence intervals (95 % CI). Interestingly, Model 4, which included more covariate and interaction terms, did not change the estimates of the exposure variable or its associated odds ratio. However, when the same covariates and interaction terms that were used in Model 4 were included in the conventional logistic regression, the estimates became non-significant and included large standard errors and confidence intervals, a reminder of how sensitive conventional regression is to over-parameterization of the model. A graphical display of Table 3 can be found in the Fig. 1 where the association between interpregnancy interval and preterm birth according to the five models is presented.
Discussion
The main goal of this paper was to investigate the impact of a short interpregnancy interval on preterm birth. In this * Adjusted P values and odds ratios were calculated with the propensity score included in the regression analysis modeling the association between the confounding variable and interpregnancy interval analysis, the method of propensity score adjusted regression analysis was utilized to estimate the treatment effect of birth spacing on an important birth outcome in the presence of non-random assignment. To our knowledge, no such analysis has been conducted in the Louisiana population prior to this study. Our results strengthen the evidence that short intervals between pregnancies have a significant impact on the health of infants at birth in Louisiana. The data from a 1995-2007 birth cohort showed that births from pregnancies with a short interpregnancy interval are at a 15 % increased risk of being preterm [OR = 1.15; 95 % CI: (1.09, 1.20) ]. This finding adds to the mounting evidence that better neonatal outcomes occur when the mother does not conceive within 9 months of a previous birth [2, 3, 5, 15] . Public health programs and post-natal hospital visits in Louisiana, and elsewhere, should incorporate this finding into their maternal and child health care. This topic also served as a platform for comparing propensity score regression analysis to conventional regression methods. The inclusion of more covariate and interaction terms in the propensity score model did not change the estimates or variance of the exposure variable, nor the odds ratio estimate (Model 4). Propensity scores are beneficial in producing robust, less biased and more precise estimates, especially for models with many predictors and effect modifiers [18] . This method is also a good alternative to control for imbalances when conventional multivariable adjustment with logistic regression is not possible due to too few events per confounder [19] . In some fields of study, such as reproductive epidemiology, there are many potential confounders that researchers are interested in adjusting for in the model.
Our comparison of Model 3 to Model 4 supports the claim that over-parameterized propensity score models are much less harmful than a conventional model with too many covariates (Model 5). Another study on the effects of misspecification of propensity score models compared to conventional response models similarly found that the propensity score is preferable to conventional because it has smaller biases that will be less likely to affect the estimates when mis-specified [20] . However, as in traditional analyses, propensity scores must include all important confounders; they offer no advantage over conventional analyses when confounders are omitted [20] or only a subset of the most important prognostic variables are included [18] .
Another aim of this study was to show that propensity scores can be effectively used to validate conventional methods in order to make more confident conclusions. Our results indicate that the propensity score adjusted model produces a more conservative estimate of the exposure variable compared to the conventional logistic regression method (b-coefficient: 0.21 vs. 0.43) and a smaller standard error (0.024 vs. 0.028). Similarly, the odds ratio showed a slightly weaker association in the propensity score models and narrower confidence intervals [95 % CI: 1.15 (1.09, 1.20) vs. 1.23 (1.17, 1.30)]. The similarity between effect estimates inspires confidence that a true association was found between short interpregnancy interval and preterm birth. A systematic review of propensity score methods also found that it gave similar results to traditional regression modeling [21] . Other literature has suggested that joint consideration of propensity score matching and multivariable analysis can be used to assess the robustness of estimates [22] and is a useful tool in exploring causal effect [23] . This present analysis endorses propensity score-adjusted regression as an appropriate technique for the validation of conventional methods in a large dataset with a fairly common outcome (10.17 %).
The majority of the variables should be very reliable; however, maternal medical risk factor data from the birth certificate data may be less so. This is a common limitation with birth certificate data [24] . There was evidence of some data entry error for the date of previous birth which resulted in interpregnancy intervals with negative, zero and very small values. It was impossible to determine where the accurate data began, therefore, a cutoff of 4 weeks was chosen based on previous literature [16] . This most likely did not affect the estimates, as they comprised very few observations out of nearly 100,000. The most significant limitation may be that reverse causation is possible: high risk women (for preterm birth) may be over-represented in the exposed group, which could inflate the estimate. However, previous fetal death information was included as a variable, so some of this risk may be adjusted for.
In conclusion, the large birth certificate database confirmed that a short interpregnancy is associated with an increased risk of preterm birth in Louisiana. This analysis found that the model using propensity score regression was similar, although slightly more conservative, than traditional models. For models with many covariates, traditional logistic regression is not satisfactory; a propensity score regression model will provide more accurate and precise estimates and standard errors. When feasible, the application of a combination of methods, including propensity scores, can be utilized to better understand the data, assess the robustness of the estimates and validate more traditional methods of analysis. Propensity score adjusted regression analysis is under-utilized in reproductive epidemiology. This analysis supports their use in similar study settings: studies with large datasets, relatively common outcomes of interest, and many covariate terms.
